We present a complete framework for vigour mapping in row crops by multispectral remote 
techniques where the spectra of the species or materials are known or are easily available from images (Pacheco et al. 2001 , Bannari et al. 2006 ). Generally such methods deal with non-structured crops at the farm level. Previously, we proposed an unsupervised method for partial unmixing which aimed at evaluating the amount of canopy in each pixel (Homayouni et al. 2006) . It was applied to viticulture, at the plot level.
In this paper, a non supervised framework is proposed to transform high resolution multispectral images of row crops into vegetation vigour maps. Its main point is to take advantage of both spectral and spatial features to produce improved vigour indexes that take the row layout into consideration. Spectral information is used at pixel level to compute abundance coefficients which are used as weights in the computation of vegetation and leaf area indexes. Spatial information is used to bring back spectral measurements to specific row and plant positions.
Section 2 is dedicated to the description of our framework. In section 2.1, we recall the main principles of the row detection algorithm presented in (Bobillet et al. 2003) . It aims at an accurate positioning of rows and individual vines for further spatialization of spectral measurements. In section 2.2, we address the problem of spectral mixing. A method is proposed for the semi-automated production of abundance maps based on independent component analysis. Then, in section 2.3 a geometric procedure is proposed to combine spatial information about rows and spectral information from abundance maps and vegetation indexes. It results in plant by plant vigour estimations. In section 3, the whole procedure is applied and validated on multispectral images of vineyards. Plant scale measurements are used to produce vigour maps by interpolation. They are finally correlated to ground 7 measurements for global validation of the framework.
A new framework for vigour analysis

The row detection algorithm
Most computer vision methods for detecting crop rows are implemented in real-time systems for automatic guidance of agricultural implements (e.g. Keicher and Seufert 2000, Hague and Tillet 2001) . Images are taken by on-board cameras and show only a small number of rows.
The Hough transform is often used to recover the linear structures (Marchant 1996 , Keicher et al. 2000 . Usually, the very high resolution of the considered images and the small number of rows lead to sufficiently accurate results. When lower computational time is required, tracking algorithms based on Kalman filtering (Hague et al., 2001) or linear regression approaches (Søgaard et al., 2003) are also implemented.
Unlike the real-time context, computational time is not a critical issue for accurate location of rows in crop monitoring by remote sensing. On the other hand, row position and row angle estimations have to be very precise, due to the image size and to the length of the rows. The specific arrangement of individual crops suggests the use of the Hough transform. However, previous attempts, not reported in this paper, have shown that the Hough transform is not adapted to locate vine rows. The large number of linear structures and the presence of undesirable alignments make the row detection difficult.
In order to retrieve the rows with high accuracy, we have chosen an algorithm based on active contour models, i.e. snakes (Kass et al. 1988) , previously described in (Bobillet et al. 2003) .
This algorithm implements an active contour network which aims at fitting a line to each row through a global convergence process. Prior segmentation of the parcel is needed so that peripheral vegetation, buildings, roads etc. do not interfere in the row detection process.
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Application to vineyard vigour monitoring.
8 Figure 1 shows an example of segmentation obtained on a vine parcel using the algorithm described in (Da Costa et al., 2007) . This prior segmentation step can be manual or automatic. Both the segmentation and the row detection algorithms operate on greyscale images. The multispectral image under consideration has thus to be transformed into a grey scale image which discriminates the crop rows from their background. This is done easily by computing any vegetation index, e.g. NDVI (Rouse et al., 1974) using the red and infra-red spectral bands.
In spite of their apparent regularity, row crop images may show some particularities that make the detection process difficult. Rough measurements of average row spacing and orientation are not sufficient for a fine detection. Indeed, row spacing and orientation are only approximately constant over the field. For instance, perspective distortion effects can explain a gradual variation of row orientation across the image. The active contour model is designed according both to ideal row properties and to the particularities that may occur. Rows are considered as roughly parallel segments. The model chosen in (Bobillet et al. 2003 ) is a network of quasi-parallel segments.
The geometry of the segment network is controlled by the minimization of a pre-defined energy E:
where E int and E ext are respectively the internal and the external energies. E int reflects the internal constraints that the snake undergoes. The external energy E ext takes into account the effect of the image. It enables the attraction of the snake towards the desired state. µ is a The network of lines obtained by the active contour algorithm allows to go beyond the simple detection of crop rows. Indeed, as many perennial crops, vine is usually planted regularly i.e.
with constant distance between rows and between vine stocks. Such information can be used to place a regular network of rectangles along the detected rows (see Figure 3 ). The length of the rectangles corresponds to the distance between two consecutive stocks. Their width corresponds to the trimming width. These features depend on the agricultural practices used in the region or even in the agricultural estate. They can be provided to the algorithm by the end-user. Once the exact positions and occupation areas of individual plants are determined, the quantification of crop vigour can be carried out at the scale of the plant by taking spectral information into account. This process is described below.
Estimation of vegetation abundance maps by partial spectral unmixing
Modelling the remotely sensed data
A VNIR (Visible and Near Infrared) remote sensing system is an electro-optical system designed to observe the radiations reflected by ground objects at wavelengths generally comprised between 0.4 and 2.5 µm. In such a system, the outputs, i.e. the image pixel data or digital numbers (DNs), are assumed to be linear combinations of the inputs, i.e. the spectral reflectances or radiances (Schowengerdt 2006 DN x y λ be the digital number recorded by the sensor at pixel ( , ) x y and wavelength λ . It can be expressed as follows:
where R is the spectral reflectance of the ground sampling unit corresponding to (x,y) at wavelength λ . The i P are the physical parameters involved in the whole remote sensing system: the atmosphere, the scene geometry and the sensor features. If a linear model is considered, the DNs are linearly related to the reflectance or at-sensor radiance. A multispectral image can thus be expressed in matrix form by:
n p R × contains the reflectance (signature or end-member) of p materials in n spectral bands. In the contexts of detection and classification of spectral classes, p m A × has to be estimated.
This estimation can be viewed as an inverse problem for which Blind Sources Separation techniques (BSS), including Independent Component Analysis (ICA), are appropriate solutions.
Independent Component Analysis
ICA brings a solution for BSS under the assumption of linear mixing i.e. when the multivariate observations are assumed to be unknown linear mixtures of some unknown latent variables, the independent components (i.e. sources or factors):
X is the observation matrix and S the sources. M is called the mixing matrix and N represents additive noise. The aim of ICA is to estimate S using an inverse model:
where W, the separating matrix is an estimate of 
Component selection
In general, ICA implementations are unsupervised and do not allow any component ranking.
Neither the rank nor the energy of the components makes any sense in ICA. Consequently, even if the ICA algorithm provides a "crop-like" source, the latter must be retrieved among all the sources. Although this task seems straightforward if done manually, making it automatic is not so easy. The selection of meaningful components is often carried out using statistical criteria (e.g. higher order moments, entropy). However, it seems difficult in our case to select the crop component by using the statistical characteristics of its distribution. For this reason,
we tackled the problem of component selection from a biological point of view. Indeed, in the agricultural context of vigour mapping, we can benefit from additional information provided by vegetation indices. If the available spectral data comprise sufficient information to compute a vegetation index I, then the crop component V can easily be selected by choosing, between all extracted sources i S , the one which is the most correlated to I:
Though efficient in most of cases, this criterion may not work in the presence of grass between the rows as it could result in an independent component by itself. However, such a case has not occurred in practice since grass, when present, is usually associated with vine, composing together a vegetation component. Indeed, spectral information extracted from multi-spectral data, is not sufficient to separate vegetation species such as grass and vine.
Such discrimination requires enhanced spectral information. The presence of grass will not be addressed here.
Component normalization
As mentioned previously, there are constraints imposed by the spectral mixing model that 
Precise vigour estimation along rows
The use of the active contour model described above makes it possible to take measurements along crop rows and to assign the measured feature to a precise locus on the row. The feature to be measured will depend on the type of crop, on the agricultural practices, and on the type related to the biological status of the plant or by estimating vegetation thickness through a leaf area index (LAI). Below, we describe the method we chose to compute these indexes and to average them at the scale of the plant, combining both spatial information about plant layout and spectral information about crop abundance. 
About vegetation indexes
An estimated leaf area index.
The Leaf Area Index, i.e. LAI, defined as half the green leaf area per area unit (Welles et al.
1991), is known to be a realistic indicator of vigour. As its direct measurement potentially
affects the health of the leaves, it can not be carried out over the whole parcel. Pruning weight or PW, i.e. the weight of the shoots pruned after harvest, is another vigour related feature. Its measurement is delayed in winter and can thus be exhaustive. However, both LAI and PW are labour intensive and time consuming and cannot be used as a routine for crop monitoring.
Instead, indirect estimation of LAI is possible, as described in (Ross 1981) . The estimation eLAI is obtained as follows:
where P is the probability that a beam of radiation with incidence angle α passes through the canopy, supposed uniform and composed of leaves with random angular and spatial distributions. ( ) G α is the mean projection coefficient of unit foliage area on a plane perpendicular to α.
To estimate eLAI from spectral data, cos( ) / ( ) G α α can be determined at 0.5 for plants which have randomly distributed leaf angles such as agricultural crops (Norman 1979) . The incidence angle α corresponds to the sensor viewing zenith angle. Airborne optical remote sensors are usually pointed at a view angle of 0 (nadir looking). P represents the gap (nonvegetation) fraction, which is determined by spectral unmixing as follows:
where A is the vine abundance. eLAI is then derived according to the following formula:
This leaf area index, together with the abundance-weighted vegetation indexes, will now be evaluated and compared within the experimental framework described hereafter. Application to vineyard vigour monitoring.
Enhancing vegetation and leaf area indexes by abundance weighting
18 are assigned to the rectangle centroids so as to constitute a regular grid of pointwise values for mapping purposes.
Concerning eLAI, a simple average computed over the pixels comprised in the rectangles is sufficient, making the assessment of vigour even more straightforward. 
Experimental evaluation
The measurements carried out using the methods described above are point scale information.
Herein, they can be used directly when information about individual plants is needed. On the contrary, they are not adapted for a global representation of the parcel vigour variability. In order to make such data easy to interpret and to use by experts and even by farmers, maps are necessary. This is done by interpolation of the plant-scale measurements.
After a brief presentation of the vineyard parcel and of the data we used for experimental validation, we will show some vigour maps obtained from plant-scale vigour measurements.
These maps will help in the qualitative comparison between the various vigour indexes produced by our global framework and the ground truth data collected on the parcel. Finally, statistical correlation results between ground truth and image-based measurements will provide a quantitative evaluation of the global framework.
Images and ground truth data
The evaluation is carried out on vineyards of the Bordeaux area. The image analysis framework developed in this work, is applied to multi spectral aerial silver photographs acquired in July 2006 and digitized at a resolution of 4800 dpi. These images are composed of green, red and infrared spectral bands. The camera was taken on board a light airplane. Flying
hal-00345557, version 1 -9 Dec 2008
19
altitude was low to allow very high spatial resolution i.e. 7-10 cm/pixel. An example of such data is shown in figure 5 , in the form of a false colour image. Radiometric and geometric targets, which appear as white spots in the image, are ground control points meant for the geo-referencing of images. The precision of the geo-referencing is related to the accuracy of the GPS, typically 5m or 1m at best with post-treatment, which is sufficient for standard vigour cartography. In contrast, the geo-positioning of ground measurements and image data requires a much better accuracy since both image resolution (less than 10cm/pixel) and plant size (0.5m × 1m) are smaller than the accuracy of standard GPS. In our case, we chose not to use GPS-based positioning but rather to take advantage of the strict regularity of plant layout. Indeed, the exact geometry of the parcel is known, including the number, positions and lengths of the rows and the distances of the plants from the beginning of the row. It is thus possible to perform geo-referencing of ground measurements and image data, within a local coordinate system with no reference to terrestrial coordinates. As the beginning of the rows can be determined on images with a resolution of about 2 to 3 pixels because of foliage irregularity, geo-positioning accuracy falls down to 20 or 30 cm, out-performing standard GPS resolution.
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Vegetation vigour maps
Various vigour-related indexes were extracted. Both ratio-based and orthogonal vegetation indexes (section 1.2) were computed. The eLAI, estimated Leaf Area Index, was deduced from abundance maps. Three indexes, NDVI, PVI and eLAI are illustrated in figure 6.
These indexes were combined with geometric information to produce plant-scale vigour measurements according to the geometric framework described in section 2.3. These measurements were inserted into a GIS (ArcGIS) and manipulated as vector data for mapping.
Within block vigour maps were created by inverse distance interpolation. The three corresponding vigour maps are shown in figure 6 . Though we will not comment further the interest of such maps for agricultural monitoring, it is worthwhile mentioning some properties of these maps. First, they allow enhancing the variability of vigour, difficult to observe in the original index images. Secondly, the global structures of the three maps are similar with particularly strong resemblance between PVI and eLAI. 
Correlation between vigour maps and ground truth data
An experimental validation of the framework was carried out by statistical analysis. eLAI measurements and ground truth pruning weights were compared, at the scale of the experimental plots described in section 3.1. The scatter plot between the two statistical series is shown in Figure 8 . Finally, this work showed very promising results. The degree of correlation between ground data and image-based measurements confirms, in the case of row crops, the potential of multispectral imagery for canopy characterization. Furthermore, the significant improvement obtained using abundance information suggests to take into account abundance based weighting to improve the accuracy of vigour assessment.
Future works will concern the refinement of the approach. Particularly, we intend to test and improve the whole framework on enhanced image data. Actually, the poor spectral resolution of the multispectral images used in this work certainly hinders the quality of vegetation index estimation, thus penalizing vigour estimation. With such spectral resolution, discrimination between different kinds of vegetation, e.g. grass and vine, is not possible either, which makes the present approach of limited use when inter-rows are covered by grass. The use of hyperspectral data, with both numerous and narrow spectral channels, should surely open up new horizons in future. Modern hyperspectral sensors, beyond being both technically and economically competitive, are also much less bulky than previous heavy acquisition systems thus allowing easy and cheap airborne acquisitions. Not only enhanced vigour characterization and mapping but also species discrimination should then be attainable, provided that sufficient spatial resolution is available.
